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OHC Algorithm for RPA Memory Based Reasoning

Hyeong-il, Lee'

ABSTRACT

RPA (Recursive Partition Averaging) method was proposed in order to improve the storage requirement
and classification rate of the Memory Based Reasoning. That algorithm worked well in many areas,
however, the major drawbacks of RPA are it's pattern averaging mechanism. We propose an adaptive
OHC algorithm which uses the FPD(Feature-based Population Densimeter) to increase the classification
rate of RPA. The proposed algorithm required only approximately 40% of memcry space that is needed
in k-NN classifier, and showed a superior classification performance to the RPA. Also, by reducing the
number of stored patterns, it showed a excellent results in terms of classification when we compare it
to the k—NN.

Key words: intelligent agent, instance-based learning, classification, machine learning
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